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INTRODUCTION
For more than forty years, surgery, radiation and chemotherapy have been the mainstays of treatment for human malignancies. A new concept, chemoradiation, the use of a combination of radiation and chemotherapy, has often appeared in the medical literature. For most of the last four decades, this has involved the use of cytotoxic agents with external beam radiation. Recently, however, with newer molecules that target very specific pathophysiology or molecular pathways and the use of radiation delivered systemically by antibodies or hormones labeled with radionuclides, the concept of radiation sensitizers has been expanded, 1) and the study of radiation sensitizers has become active again. Nitroimidazole compounds are the most classic and effective radiation sensitizers. 30) To study the relationship between the compound structure and activity for development of new radiation sensitizers, nitroimidazole compounds are probably the best choice.
Unfortunately, the former structure-activity relationship studies for nitroimidazole compounds were incapable of giving systematic models to predict the radiosensitization effectiveness of the compounds, because of the limitation of dataset and mathematical methods so many years ago. [2] [3] [4] [5] [6] [7] [8] [9] In this paper, a comprehensive quantitative structure-activity relationship (QSAR) model with a large dataset is presented. Moreover, a new approach, combined with heuristic method (HM) and projection pursuit regression (PPR), for descriptor selection and correlation modeling, respectively, was employed for the first time to predict the radiosensitization effectiveness and resulted in a successful model. QSAR, which refers to the connection between the structure of molecules and their activity, has been popular in molecular design research. The advantage of this approach lies in the fact that the descriptors used can be calculated from the structure alone and are not dependent on any experimental properties. Once the structure of a compound is known, any descriptor can be calculated no matter whether it is synthesized or not. So once a reliable model is established, we can use the model to predict the property of compounds and to see which structural factors play an important role to the property. The main steps involved in QSAR include the following: data collection, molecular descriptor obtaining and selection, correlation model development, and finally model evaluation. Among them, descriptors selection and correlation modeling are the most important. So, it is crucial for a successful QSAR study to select suitable methods for descriptors selection and correlation modeling. In this research, we employed heuristic method and projection pursuit regression, the descriptor selection method and the modeling method, respectively, to perform a QSAR study on prediction of radiosensitization effectiveness.
In the present study, the CODESSA program was used for the calculation of the descriptors. 13) And then, HM was utilized to reduce the descriptors pool and select the best set of descriptors. After that, we applied PPR to establish quantitative relationships between the radiosensitization activity and the selected descriptors. The resulted model was compared with a conventional multi-linear regression (MLR) model. From the comparison results, we regarded the new approach, combined with HM and PPR, as a promising method in other researches relevant to radiosensitizers, such as toxicity prediction. In this paper, we presented a useful QSAR model for predicting radiosensitization effectiveness, and the new finding descriptors derived from this study will be helpful to illuminate the radiosensitization effectiveness mechanism of compounds and facilitate the design of new radiation sensitizers with better activities.
MATERIALS AND METHODS

Dataset
We collected a large dataset of 86 nitroimidazole compounds used as radiosensitizers with structural diversity, including five structure types shown in Fig. 1 . The radiosensitization effectiveness of each compound is expressed in C1.6, which represents the corresponding concentration of a given compound as its sensitization enhancement ratio (SER) achieves 1.6. A high value of C1.6 denotes a low bioactivity of radiosensitization effectiveness. For analysis purposes, pC1.6 (pC1.6 = -log(C1.6)) values were used as the dependent variables in this study. The compounds and their pC1.6 values, presented in Table 1 , were taken from the literature.
10)
Descriptors generation
All molecules were drawn and pre-optimized using molecular mechanics force fields MM+ encoded in the HyperChem 7.0 program 11) to generate their 3D conformations. A more precise optimization was done by semi-empirical AM1 method in MOPAC 6.0, 12) with the calculation of the properties of compounds, simultaneously. The resulting geometries formed the inputs for the CODESSA software 13) to calculate constitutional, topological, geometrical, electrostatic and quantum chemical descriptors. Constitutional descriptors are related to the number of atoms and bonds in each molecule. Topological descriptors include valence and non-valence molecular connectivity indices calculated from the hydrogen-suppressed formula of the molecule, encoding information about the size, composition, and the degree of branching of a molecule. The topological descriptors describe the atomic connectivity in the molecule. The geometrical descriptors describe the size of the molecule and require 3D-coordinates of the atoms in the given molecule. The electrostatic descriptors reflect characteristics of the charge distribution of the molecule. The quantum chemical descriptors offer information about binding and formation energies, partial atom charge, dipole moment, and molecular orbital energy levels. [14] [15] [16] 
Descriptors selection
Successful QSAR depends on rational selection of descriptors. If molecular structures are represented by improper descriptors, they will not lead to reasonable predictions. The process of features selection entails pruning the descriptors pool through the heuristic method (HM) available in the framework of the CODESSA program. HM can either quickly give a good estimation about what quality of correlation to expect from the data, or derive several best regression models. Besides, it will demonstrate which descriptors have bad or missing values, which descriptors are insignificant (from the standpoint of a single-parameter correlation), and which descriptors are highly inter-correlated. The heuristic method of the descriptors selection proceeds with a pre-selection of descriptors by eliminating: descriptors that are not available for each structure; descriptors having a small variation in magnitude for all structures; descriptors that give an F-test's value below 1.0 in the one-parameter correlation; and descriptors whose t-values are less than the user-specified value, etc. The next procedure used to prescreen the data is to eliminate highly correlated descriptors. At last, the procedure orders the descriptors by decreasing correlation coefficient when used in one-parameter correlations. In this study, the pC1.6 values of the investigated compounds were used as dependent values for the one-parameter correlations. After that, the descriptors pool reduced from 607 to 256. Then, two-parameter regression models with remaining descriptors are subsequently developed and ranked by the regression correlation coefficient R 2 . A stepwise addition of further descriptor scales is performed to 
Development of QSAR models
Once the best set of descriptors was selected, a conventional method, Multi-Linear Regression (MLR), was used to build a QSAR model. For a purpose of prediction improvement, another model was developed by applying a new regression method, PPR. The overall performances of these models were evaluated in terms of the root mean square error (RMSE), which was defined as, (1) where yk is the desired output, is the actual output from experiments, and n is the number of compounds in the analyzed set. The computing programs implementing the PPR are written in an R-file based on R script under R 2.8.1 environment. All the calculations were performed on a Core 2 computer with a 2G RAM system.
Theory of PPR
PPR developed by Friedman and Stuetzle 17) is a powerful tool for seeking interesting projections of high-dimensional data into lower-dimensional space and, therefore, can overcome the curse of dimensionality. At present, it has been successfully applied to tackle some chemical problems. 18, 19) Friedman and Stuetzle's concept of PPR avoided many difficulties experienced with other existing non-parametric regression procedures. It does not split the predictor space into two regions thereby allowing, when necessary, more complex models. In addition, interactions of predictor variables are directly considered since linear combinations of the predictors are modeled with general smooth functions. The basic theory of PPR can be found in Refs. 20, 21) Here, we only give a brief description. Given the (k × n) data matrix X, where k is the number of observed variables and n is the number of units, and an m-dimensional orthonormal matrix A (m × k), the (m × n) matrix Y = AX represents the coordinates of the projected data onto the m-dimensional (m < k) space spanned by the rows of A. As such projections are infinite, it is important to have a technique to pursue a finite sequence of projections that can reveal the most interesting structures of the data. Projection Pursuit (PP) is such a powerful tool that combines both ideas of projection and pursuit. In a typical regression problem, PPR aims to approximate the regression pursuit function f(x) by a finite sum of ridge functions with suitable choices of αi and gi.
Where α i are m × n orthonormal matrices, p is the number of ridge functions.
RESULTS
Descriptors selection
The heuristic method (HM) implemented in the CODESSA program was used to select the most important descriptors. At first, 607 descriptors were calculated for all the compounds by CODESSA program. After the initial HM reduction, the pool of descriptors was reduced to 256. Then, by using the heuristic method, six descriptors were selected as the best parameter set. This optimum number of descriptors was determined by using a simple ''breaking point'' rule. [22] [23] [24] Considering the plot of number of descriptors involved versus the squared correlation coefficient (R 2 ), it seems that the statistical amelioration of the model is higher at lower number of descriptors until one point (the breaking point) and after that the improvement is trifling. Considering this, the breaking point, shown in Fig. 2 , corresponds to the optimum number of descriptors to be used in modeling the activity of interest. The involved molecular descriptors and their corresponding physical-chemical meaning are listed in Table 2 . 
Prediction models
Physical and chemical meanings of these descriptors are listed in Table 2 . The correlation coefficient R 2 and RMSE for the training set is 0.8026 and 0.2836, and those for the test set is 0.7568 and 0.2751, respectively. From the prediction results, it seemed that the MLR model was not good enough, and the conventional method MLR may not be the best choice to correlate the pC1.6 values and the descriptors. Therefore, we employed a new regression method, PPR, to build a nonlinear model for the purpose of prediction improvement. PPR is a simple but powerful tool for seeking interesting projections of high-dimensional data into lowerdimensional space and, therefore, can overcome the curse of dimensionality. In this investigation, the PPR algorithm also had several parameters, which needed to be adjusted, such as "nterms", "max. terms", "optlevel", and "span". The parameter 'nterms' controls the number of variables to be entered in the model, 'max. terms' is the maximum number of terms to choose from when building the model, 'optlevel' means the levels of optimization which differ in how thoroughly the models are refitted during this process, and 'span' defines the fraction of the observations in the span of running the lines smoother. Here, we used the grid search method to find the best values for these parameters. The optimal values for "nterms", "max. terms", "optlevel", and "span" were determined as 3, 6, 3 and 0, respectively. Satisfactory prediction results were obtained from the PPR model, with the values of R 2 and RMSE, 0.9204 and 0.1803 for the training set, 0.9049 and 0.1697 for the test set, respectively.
DISCUSSION
Comparing the results of MLR and PPR
In order to check the superiority of the two models, MLR and PPR, we compared the predicted accuracy of the two methods through the training dataset. Moreover, a test set with 18 compounds was used to estimate the reliability of the two models. As it can be seen from Table 3 , compared with the conventional MLR model, the predicted accuracy of the PPR model was significantly improved, with the R 2 value rising from 0.80 to 0.92, and the RMSE value descending from 0.28 to 0.18. From the results of the test set, the values of R 2 and RMSE, 0.90 and 0.17 compared with 0.76 and 0.28, respectively, it can be seen that the reliability of PPR method also surpass MLR a lot. Additionally, we rearranged the order of the experimental values of pC 1.6 for training set from low to high, with the predicted values followed, and then constructed a curve chart (Fig. 3 ) in order to compare the goodness-of-fit of the two models. In the graph, the curve of PPR is generally closer to the experiment curve than the MLR one. Moreover, Scatter plots (Fig. 4) for the test set were also given to compare the reliability of two models. We can see that less scatter spots in PPR plot deviates from the diagonal than MLR one. Based on the above, the nonlinear regression method PPR showed a better predictive capability and reliability in this study, and the corresponding predicted results indicate an appropriate fit of the model.
From the prediction results, it is demonstrated that the new approach, with HM and PPR combined for descriptor selection and correlation modeling, is a promising method for other relevant researches. As we known, the value of C 1.6 is only a part of the problem of devising an effective sensitizer. Toxicity and other characteristics of the compounds are also critical factors. As the continuation of this work, other QSAR models could be built by using this new approach for prediction of toxicity and other characteristics.
Discussion of the descriptors
The developed QSAR models should not only offer a reliable prediction capability but also gain some insight into the factors that are likely to influence the radiosensitization effectiveness by interpreting the meaning of the selected descriptors. In the previous work, descriptors related to radiosensitization effectiveness, such as LUMO energy, surperdelocalizability and logP, were derived and discussed in studies of structure-activity relationship on nitroimidazole compounds. 7, 9, 25) These descriptors are classic and still very helpful for synthesis of radiation sensitizers. However, with several decades passed, these descriptors are not adequate when we are facing new challenges. We need more relevant descriptors to explain the mechanism of radiosensitization effectiveness and guide the synthesis of new radiation sensitizers. In the present QSAR study, five quantum chemistry descriptors and a charged partial surface area descriptor were derived, among which, five new descriptors were found and firstly reported to be related to radiosensitization effectiveness. 1) Index for C-N bond. There are four indexes related to C-N bond involved in the prediction of radiosensitization effectiveness in this study: maximum electron-electron repulsion, minimum electron-nuclear attraction for a C-N bond, minimum resonance energy for a C-N bond and Minimum electrophilic reactivity index for a nitrogen atom. As the first C-N bond index, the maximum electronic repulsion energy for a C-N bond in the molecule is calculated as follows:
The symbols μ, ν, λ, σ represent atomic basis for the atoms C and N, μ, ν belonging to C atom, λ, σ belonging to N atom. P μν and P λσ are density matrix elements over atomic basis {μνλσ}, and are electron repulsion integrals on atomic basis {μνλσ}. The electron-electron repulsion energy describes the electron repulsion driven processes in the molecule and may be related to the conformational (rotational, inversional) changes or atomic reactivity in the molecule.
26) The second C-N index, minimum electron-nuclear attraction for a C-N bond in the molecule, is calculated by, 27) (5) Where Z N is the nuclear charge of atoms N, R iN is the distance between the electron and atomic nucleus N, and denote the nuclear-electron attraction integrals on the given atomic basis. The third C-N bond index is the minimum resonance energy for a C-N bond, which can be calculated as following 27) : (6) Where β μν are the resonance integrals on the atomic basis, and P μν are density matrix elements over atomic basis. The last index related to C-N bond is the minimum electrophilic reactivity index for a nitrogen atom. This is a Fukui reactivity index, 28) which estimates the relative reactivity of the atoms in the molecule for a given series of compounds and are related to the activation energy of the corresponding chemical reaction. There are three kinds of Fukui atomic reactivity indices: nucleophilic, electrophilic and one-electron. This descriptor belongs to the second kind, meaning minimum electrophilic reactivity index for a nitrogen atom, defined as (7) The summation is performed over all atomic orbitals j at a nitrogen atom, c jLUMO denote the j-th AO coefficients on the lowest unoccupied molecular orbital (LUMO).
To show how these descriptors influence the radiosensitization effectiveness on the compounds, we took the compounds 9, 10 and 11 as examples to have a discussion (Table  4 ). The only difference between theses compounds is the position of the methoxyl group on the benzene ring, but this trivial difference produces a great divergence on radiosensitization effectiveness. Compound 11 with a methoxyl group on the meta-position possess the best bioactivity, then compound 10 with an ortho-position methoxyl group is nextbest, and compound 9 with a para-position one shows the worst activity. In Table 4 , the values of the four indexes for C-N bond were listed. It is easy to find the inverse correlations between E ee (CN), E en (CN) and pC 1.6 , and the positive correlations between E N , E R (CN) and pC 1.6 . The probable 
explanation is the inductive effect of the methoxyl group on C-N bond of -NHCH 2 -group. The para-position of methoxyl group in compound 9 produces a strong electron donating inductive effect to the C-N bond and the N atom, and the ortho-position of compound 10 comes next, but the metaposition of compound 11 produces an electron-withdrawing inductive effect on C-N bond and N atom. The electrondonating inductive effect results in a higher electron density, which makes stronger electron-electron repulsion effect and electron-nuclear attraction effect for the C-N bond. But this effect weakens the electrophilic reactivity of N atom in the C-N bond. On the contrary, the electron-withdrawing effect results in a lower electron density, which makes a better electrophilic reactivity of N atom, but reduces the electronelectron repulsion effect and the electron-nuclear attraction effect for the C-N bond. As for the index E R (CN), on compound 11, the meta-position of the methoxyl and -NHCH 2 -groups place the structure in a high resonance energy, which gives this compound a higher value of ER(CN). But the paraand ortho-position will reduce this energy, that is why compound 9 and 10 have lower values of this index. From the disscusion above, we conclude that the quantum chemical properties of C-N bond are very important factors inflencing the radiosensitization effectiveness of nitroimidazole compounds. Therefore, we think rational treatment on C-N bonds will be a key part for designing new radiosensitizers. 2) LUMO energy. It is calculated as follows: (8) Where ϕLUMO means wave function of lowest unoccupied molecular orbital, and is the Fork operator. LUMO energy is not a new finding descriptor relevant to radiosensitization effectiveness. LUMO energy has been proved to be a very important descriptor for radiosensitizers. 25) In the present study, taking the compounds 57, 60, 63 for instances (Table  5) , we can see that LUMO energy is negatively correlated with pC1.6. This result is in accordance with the previous study, 25) and also shows that our new approach is reliable. 3) H-bond acceptors surface area. It is one of charged partial surface area descriptors, and is defined as 29) (9) SA means the solvent-accessible surface area of H-bonding acceptor atoms. This descriptor is described as a positive factor in the linear model and a higher value would better the radiosensitization effect. We can find evidence from compounds 57, 60 and 63 (Table 5 ). The structure difference Compared to the aldehyde group on compound 63, the hydroxyl group on compound 60 has less H-bond acceptors surface area, for the H atom in OH group, as a H-bond donor, covers a part of the surface area of H-bond acceptors. This leads to a weaker bioactivity for compound 60. This study focused on the development of QSAR models for predicting the radiosensitization effectiveness of nitroimidazole compounds. A novel approach, combined with HM and PPR, for descriptor selection and correlation modeling, respectively, was employed to give an accurate prediction of radiosensitization effectiveness. Compared with the conventional MLR model, our PPR model showed a better predictive ability and reliability. This indicates that PPR is a promising method in other researches relevant to radiosensitizers, such as toxicity prediction. Besides, a significant model was presented for predicting radiosensitization effectiveness, and some useful suggestions for improvement of compound activity were discussed. It is expected to illuminate the radiosensitization effectiveness mechanism of compounds and it also may help us to facilitate the design of new radiation sensitizers with better activities.
